Abstract-Hypertension is a major cardiovascular risk factor and accounts for a large part of cardiovascular mortality.
H ypertension is a highly heritable pathological trait that is regulated by the interactions of genes and environmental factors. It is a critical risk factor for stroke, renal failure, heart failure, and coronary heart disease. 1 Over 1 billion people worldwide have hypertension (systolic blood pressure ≥140 mm Hg or diastolic blood pressure ≥90 mm Hg). 2 For the past decades, great efforts have been invested to discover hypertension genes. To date, 13 genes causing monogenic hypertension have been found. [3] [4] [5] [6] Numerous genetic variants associated with hypertension have been uncovered by genome-wide association study. 7, 8 A database covering hundreds of hypertension genes has been published. 9 A human phenotype ontology (HPO) database has been set up, including hundreds of genes annotated to hypertension. 10 Proteins do not function in isolation but interact with each other. With the accumulation of protein interaction data, 11 it has become possible to explore network properties of interesting proteins. Recently, a group used an integrative network approach to study hypertension and developed a network algorithm to predict hypertension genes: if the interaction neighbors of a gene is significantly enriched with hypertension genes, then it was judged as a hypertension gene. 12 In fact, many network indexes, such as degree, 13 K-core, 14 betweenness, 15 have been used as features to classify disease genes from nondisease genes. In a recent study, we developed a method to integrate network, phenotype, and functional features to predict longevity genes and got excellent performance. 16 In this work, we systematically studied the properties of 2 sets of genes: known hypertension genes versus genes not yet known to be involved in hypertension regulation (for convenience, we refer them as nonhypertension genes hereafter). For each set of genes, we examined the function and phenotype enrichment, sequence conservation, and several network features. The Kolmogorov-Smirnov (KS) test was used to compare the distributions of each property for known hypertension genes and nonhypertension genes. The features showing significant differences between hypertension and nonhypertension genes were used for the subsequent hypertension gene prediction by support vector machine (SVM). Finally, with a posterior probability >0.9, 177 hypertension genes were predicted. Evidence supporting 17 predicted genes has been found.
Methods

Data Source
The protein interaction network data set was downloaded from OPHID (The Online Predicted Human Interaction Database; http:// ophid.utoronto.ca/ophidv2.204/), which consists of a total of 14 801 proteins and 310 570 edges. 11 After deletion of self-interaction and redundant interactions, we got the final network including 14 706 proteins and 169 560 edges. Hypertension genes were downloaded from T-HOD (The Text-Mined Hypertension, Obesity and Diabetes Candidate Gene Database; http://bws.iis.sinica.edu.tw/THOD) 9 and HPO (http://www.human-phenotype-ontology.org), 10 with 837 and 278 hypertension genes, respectively. The HPO data set covers all the 13 Mendelian hypertension genes, [3] [4] [5] [6] while the T-HOD data set covers 10 of the 13 genes. The other 3 Mendelian hypertension genes were added to the T-HOD data set. Hypertension genes with only genome-wide association study evidence were excluded in this work. 7, 8 In the end, 222 genes from the HPO data set and
Log-Odds Score
The log-odds score represents the relative frequency with which a GO term or a phenotype was used to annotate hypertension or nonhypertension genes, and it is calculated as follows:
where m 0 and n 0 are the numbers of hypertension genes and the number of all genes in the human genome, respectively, while m and n are the numbers of hypertension genes and the number of all human genes annotate to a GO term or a phenotype. a is a correction factor; a=1 in this work. To avoid bias, we only used a GO term or a phenotype with at least 5 annotated genes (n≥5). The larger the score is for a GO term or a phenotype, the more likely the gene annotated with the term or phenotype is a hypertension gene. To get the score for a gene annotated with a set of GO terms or phenotypes, the log-odds score for each GO term or phenotype was summed. This cumulative score reflects the comprehensive associations to hypertension for the multiple functions or phenotypes of a gene.
Kolmogorov-Smirnov Test
In statistics, the 2-sample KS test is one of the most useful and general nonparametric methods for comparing 2 samples because it is sensitive to differences in both location and shape of the empirical cumulative distribution functions of the 2 samples. In this work, 2-sample KS test was used to compare the network features of hypertension genes with those of nonhypertension genes.
Hypergeometric Test
The hypergeometric model was used for calculating the significance of hypertension genes with a certain number of orthologs in Caenorhabditis elegans or Drosophila melanogaster. The P value is calculated as follows:
N is the number of genes in human genome-20 000 was used for approximation; m is the number of hypertension genes; n is the number of genes that have orthologs in C. elegans or D. melanogaster according to Inparanoid database; and k is the number of hypertension genes that have orthologs in C. elegans or D. melanogaster according to Inparanoid database.
Support Vector Machine
The classification model for predicting novel hypertension genes was based on SVM. The software LIBSVM3.20 was used, in which a radial basis function was chosen as the kernel function. 19 The default values of parameter c and g were used. LIBSVM outputs a posterior probability for each prediction to reflect its reliability. 20 The larger the posterior probability is for a gene, the more likely the gene is a hypertension gene.
Positive and Negative Data Sets
Although the positive data set of 744 hypertension genes obtained from the T-HOD database could generally be trusted, producing negative data set of genes not involved in hypertension regulation is a hard work. We, thus, randomly selected 744 genes from the nonhypertension genes as our negative examples. This strategy has often been adopted for disease gene prediction. [21] [22] [23] To avoid sampling bias, we sampled 1001 negative data sets and combined each with the positive data set to train the classifier.
Classifier Evaluation
To evaluate performance of SVM, 5-fold cross-validation was adopted. In each round, 20% of the samples were selected as the test data set and the remaining as the training data set. As in previous works, 16, 24 precision, recall, and F1 were used to evaluate the classifiers. Of the genes predicted as hypertension genes, the numbers of true positives (TP) and false negatives (FN) were counted. Of the genes predicted as nonhypertension genes, the numbers of true negatives (TN) and false positives (FP) were also counted. Then the precision, recall, and F1 score were calculated as Precision is the fraction of true positives in the predicted positives, while recall is the fraction of gold standard positives that are predicted as true positives. F1 is used to evaluate the overall performance of a classifier. Receiver operating characteristic curve is another measure often used for classifier evaluation; thus, we also compute area under curve (AUC) in this work. Because 1001 negative data sets were gotten by random samplings, and each was combined with the positive data set to train the classifier, the median values of precisions, recalls, F1s, and AUCs of the 1001 training results were used as the final results.
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1,H is the number of direct interactions between node i and proteins encoded by HTN genes
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is the total number of shortest connections between nodes j and k, where each shortest connection has to pass node i, and σ(j,k) is the total number of shortest connections between j and k. The set V of nodes represents all proteins in the network.
K-Core
K A K-core of a graph can be obtained by recursively removing all nodes with a degree less than K, until all nodes in the remaining graph have a degree at least K.
Functions are the definitions of the topological features. Descriptions give explanations for symbols in the definitions. HTN indicates hypertension.
Results
Hypertension Genes Tend to Have More Interaction Partners
The degree of a protein is defined as the number of its direct interaction partners. And from network view, the more interaction partners (higher degrees) one protein has, the more important the protein might be. 13 Based on the protein interaction network downloaded from OPHID 11 and hypertension genes from T-HOD, 9 we found that hypertension genes tend to have higher degrees than nonhypertension genes, with degree equal to 45.40 and 21.64 in average for hypertension genes and nonhypertension genes, respectively (see Table 2 ). Using 2-sample KS test, we tested the distribution of the degrees for hypertension genes and nonhypertension genes and found significant difference between them, with P=8.1E-32. The distributions of degrees could be found in Figure 1A .
To test whether the higher degrees of hypertension is data dependent, we did the analysis on another 3 data sets: 2o subsets of T-HOD by requiring hypertension genes with at least 2 (T-HOD≥2) or 5 (T-HOD≥5) literature references and an independent data set of hypertension genes provided by HPO. 10 As shown in Table 2 , the average degrees of the hypertension genes from the other 3 data sets were similar to the above results (T-HOD≥1), all significantly higher than those of nonhypertension genes.
Hypertension Genes Tend to Be Located at Global Network Center
As reported in previous work, genes with high degrees might be global or local network center. 14 To distinguish global or local network center, we computed another network feature called K-core for each gene. A K-core of a network can be obtained by recursively removing all nodes with a degree less than K, until all nodes in the remaining network have a degree of at least K. The higher the K-core, the more likely it locates global network center. As shown in Table 2 , the average K-core of hypertension genes is 16.51, which is significantly higher than the value of 11.75 for nonhypertension genes (P=9.4E-26; KS test). The distribution of K-cores for hypertension genes and nonhypertension genes can be found in Figure 1B . And as shown in Table 2 , similar results were obtained for the other 3 data sets, demonstrating that the results are not data dependent.
Hypertension Genes Tend to Have Higher Betweenness
Betweenness is another network centrality measure, which quantifies the number of times a protein acts as a bridge along the shortest path between 2 other proteins. Thus, the betweenness of a protein reflects the amount of control that this protein exerts over the interactions of other proteins in the network. 25 Different from K-core, betweenness favors proteins that join communities (dense subnetworks) rather than proteins that lie inside a community. As shown in Table 2 , the average betweenness of hypertension genes is 65 695, which is significantly higher than the value of 14 623 for nonhypertension genes (P=1.7E-52; KS test). The distribution of betweenness for hypertension genes and nonhypertension genes can be found in Figure 1C . And as shown in Table 2 , similar average betweenness were obtained for the other 3 data sets.
Hypertension Genes Tend to Interact With Each Other
Most of the hypertension disease might be caused by multiple genes. 3, 26 Thus, hypertension genes might have the tendency to directly interact with each other. To confirm this, we computed for each protein the 1st HTN ratio, which is defined as the The degree of a protein is the number of its direct interaction partners. A K-core of a network can be obtained by recursively removing all nodes with a degree less than K, until all nodes in the remaining network have a degree at least K. Betweenness quantifies the number of times a protein acts as a bridge along the shortest path between 2 other proteins. 1st HTN ratio is defined as the ratio of the number of direct interaction partners that belong to a hypertension gene to its degree. 2nd HTN ratio is defined as the ratio of the number of 2nd interaction partners that belong to a hypertension gene to its number of 2nd interaction partners. T-HOD≥2 represents T-HOD hypertension genes with at least 2 literature references. HPO represents the hypertension genes provided by HPO database. 10 The P values were computed by 2-sample KS test. HPO indicates human phenotype ontology; and HTN, hypertension.
number of direct interaction partners that belong to a hypertension gene divided by its degree. The average 1st HTN ratio of hypertension genes is 0.23, whereas nonhypertension genes have an average 1st HTN ratio of only 0.13, which is significantly lower than that of hypertension genes, P=4.5E-75 (KS test; Table 2 and Figure 1D ). For example, CAV1(Q03135) has 116 direct interaction neighbors, 40 of which are hypertension genes. The 1st HTN ratio for CAV1 is 0.3448=40/116.
Moreover, we also computed the 2nd HTN ratio for each gene, which is defined as the ratio of the number of 2-step interaction partners that belong to a hypertension gene to the number of the 2-step interaction partners. The average 2nd HTN ratio of hypertension genes is 0.13, whereas nonhypertension genes have an average 2nd HTN ratio of 0.09, which is significantly lower than that of hypertension genes, P=2.4E-29 (KS test; Table 2 and Figure 1E ).
The 1st HTN ratio and 2nd HTN ratio are largely dependent on the number of hypertension genes; thus, it is inappropriate to directly compare them with the results from the other 3 data sets in Table 2 .
Hypertension Genes Are Enriched for Certain Functions
We examined the functional annotations of known hypertension genes and the rest of the human genes to find out if hypertension genes are enriched in certain biological processes. A log-odds score was calculated to measure the difference in frequency at which a particular GO term was used to annotate hypertension genes versus nonhypertension genes. There is a significant difference between the distributions of log-odds scores of hypertension genes and nonhypertension genes (P=3.2E-66; KS test), suggesting that certain pathways are more likely to be involved in hypertension regulation than others. The enriched functions could be found in Table S1 in the online-only Data Supplement. For example, the term "GO:0035815 positive regulation of renal sodium excretion" is overrepresented in the hypertension gene data set, which is made evident by a log-odds score of 4.31 for this term. On the other hand, the term "GO:0050907 detection of chemical stimulus involved in sensory perception" is underrepresented in the hypertension gene data set, with a log-odds score of −3.37 for this term.
Hypertension Genes Tend to Show Certain Phenotypes
Many phenotypes are linked with each other. 27, 28 Besides the GO-based functional enrichment analysis, we also analyzed whether hypertension genes tend to show certain phenotypes according to the HPO. 10 The associated phenotypes could be found in Table S2 . Most of these phenotypes appeared with a frequency higher than what would be expected by random chance. For example, 33 out of the 91 genes with the phenotype coronary artery disease are hypertension genes.
Hypertension Genes Do Not Tend to Be Evolutionarily Conserved
To examine whether hypertension genes tend to be evolutionarily conserved, we searched them in Inparanoid database for orthologous analysis. 29 Of the 744 hypertension genes, 308 have orthologs in D. melanogaster. Because 8590 of all human genes (20 000 for approximation) have orthologs in D. melanogaster, hypergeometric test showed that there is no statistical difference between hypertension genes and nonhypertension genes (P=0.82). We also did orthologous analysis against C. elegans. Of the 744 hypertension genes, 287 have orthologs in C. elegans. The P value is 0.98 by hypergeometric test because 8395 of all human genes have orthologs in C. elegans. Both results showed that hypertension genes do not tend to be evolutionarily conserved. This is different from human disease genes found in previous work.
21,23
A Machine-Learning Algorithm to Predict New Hypertension Genes
Based on the above features, we developed a machine-learning algorithm to predict new hypertension genes. SVM was used as the classifier, and 5-fold cross-validation was used to evaluate the classification performance. As described in the Methods, the positive samples are the 744 hypertension genes from the T-HOD database, and the 744 negative samples were randomly selected from the nonhypertension genes. To avoid sampling bias, we sampled 1001 negative data sets and combined each with the positives to train the classifier. Boxplots of the 1001 training results (precisions, recalls, F1s, and AUCs) could be found in Figure S1 . The median values were used as the final results ( Table 3 ). The receiver operating characteristic curves could be found in Figure 2 .
We evaluated what features could make the classifier get the best classification power. As shown in Table 3 , when using all features (network, GO, and HPO), the classifier got the best performance, with precision=0.79, recall=0.77, F1=0.78, and AUC=0.83. However, because only 3526 genes have HPO annotations, <3000 genes could be predicted. This is obviously too small. When removing HPO (using network and GO), the classifier got similar performance, with precision=0.77, recall=0.70, F1=0.74, and AUC=0.82. More importantly, 11 469 genes could be predicted. When using only network feature, the classifier got the worst performance, with F1=0.68 and AUC=0.73. Thus, we chose to use network and GO as features for real application.
SVM outputs a posterior probability for each predicted gene to reflect its reliability. With the posterior probability >0.5, 2475 genes were predicted as hypertension genes (Table  S3 ). The top 20 predicted genes are listed in Table 4 . When set the posterior probability to 0.8 and 0.9, 695 and 177 genes were predicted as hypertension genes, respectively.
To validate the predictions, the 278 genes annotated to hypertension in HPO 10 were used as gold standards. After removing the ones in positive samples, 161 of the 278 HPO hypertension genes could be predicted by SVM. We found that 12 of the 177 predictions (posterior probability ≥0.9) are covered by the 161 genes, with P=7.11E-6 by hypergeometric test. Twenty-six of the 695 (posterior probability ≥0.8) and 59 of the 2475 predictions (posterior probability ≥0.5) are covered by the 161 genes, with P=4.0E-6 and 7.90E-6, respectively (Table S4 ). These results showed that the algorithm is efficient. Moreover, of the top 10 predicted hypertension genes, 2 genes, fgfr2 and notch1, have been validated by HPO database. We searched the remaining 8 genes in PubMed and found literature supporting 5 of them. They were listed in Table S5 .
Discussions
For the first time, we systematically analyzed properties of hypertension genes. Network analysis showed that hypertension genes tend to be located at network center (higher in degree, K-core, and betweenness) and interact with each other (higher in 1st HTN ratio and 2nd HTN ratio). Enrichment analysis showed that hypertension genes tend to take part in certain biological processes and show certain phenotypes. Finally, we developed a machine-learning algorithm to predict new hypertension genes by integrating network features and GO functional features. This work opened a new avenue to search new hypertension genes.
To study properties of hypertension genes, a list of reliable hypertension genes is important. We searched in PubMed and found 2 lists. One is the 837 T-HOD hypertension genes used in this work. They were collected by text mining and validated by domain experts. 9 The other is the 278 hypertension genes provided by HPO database. 10 We compared the 2 lists and found 67 overlapping genes. The difference might be because of different criteria to collect a gene as a hypertension gene. And HPO is a growing database, with only 3526 annotated genes in total. Thus, we chose T-HOD hypertension genes as positives to train the classifier and used HPO hypertension genes as a independent data set to validate the predictions.
It is known that the genetic origins of essential hypertension involve a large number of genetic variants. 3 However, up to now, only 13 Mendelian hypertension genes have been identified. [3] [4] [5] [6] Most of the genes collected in hypertension database 9, 10 are hypertension-causing genes or hypertensionassociated genes, given the fact that the causal relationships are yet to be established through the physiological studies. As the 13 Mendelian hypertension genes are too few to extract reliable and robust computational features. We combined the Precision is the fraction of true positives in the predicted positives, while recall is the fraction of gold standard positives that are predicted as true positives. F1 is used to evaluate the overall performance of a classifier. AUC indicates area under curve; GO, gene ontology; HPO, human phenotype ontology; and SVM, support vector machine. Mendelian hypertension genes with the hypertension-associated genes and called them all hypertension genes. This term is used to underline the importance of genetic background. It is somehow like cancer genes for cancer research.
Recently, a group has reported a network algorithm to predict hypertension genes: if the interaction neighbors of a gene is significantly enriched with hypertension genes, then it was judged as a hypertension gene. 12 Our network feature 1st HTN ratio and 2nd HTN ratio are similar to it. We explored more network features, such as degree, K-core, and betweeness, and found significant difference between hypertension genes and nonhypertension genes. In addition, we found that hypertension genes tend to enrich in certain biological processes and show certain phenotypes. We evaluated the classification power of the features and found that when using all features as inputs, the classifier got the best performance.
We want to point out that precisions and recalls have been calculated by only a fraction of the genome, including 744 hypertension genes and 744 genes not known to be involved in blood pressure regulation. Eventually, we got AUC=0.82, indicating that the features are truly helpful in distinguishing hypertension genes from nonhypertension genes. However, as suggested by Myers et al, 30 we should still take caution to interpret these measures because they are correct only under the assumption that the ratio of positive to negative examples in the application domain is also 1:1. Notably, it would also be inappropriate if we take the 744 known hypertension genes as positives and all remaining genes in the genome as negatives. Because there might be many unknown hypertension genes in the negative examples, this would seriously underestimate the classifier.
Perspectives
Finding hypertension genes is an important work for hypertension research. Different from genome-wide association study, our work opened a new avenue to search hypertension candidates. Network topological features, GO enrichment scores, and HPO enrichment scores are useful to recognize new hypertension genes. Posterior probability: it is outputted by SVM. The higher the probability, the more reliable the prediction. SVM indicates support vector machine.
